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CLUSTER EVALUATION IN UNSUPERVISED illustrate embodiments of the present disclosure and , along 
LEARNING OF CONTINUOUS DATA with the description , serve to explain the principles of the 

disclosure . The drawings are only illustrative of certain 
BACKGROUND embodiments and do not limit the disclosure . 

FIG . 1 illustrates a block diagram of an example network The present disclosure relates to data classification and that can implement aspects of the present disclosure . evaluation , and , more specifically , to clustering continuous FIG . 2 illustrates a block diagram of another example data . network that can implement aspects of the present disclo 
SUMMARY FIG . 3 illustrates a block diagram of a data manager in 

Aspects of the present disclosure are directed to a method accordance with some embodiments of the present disclo 
comprising receiving a first set of data for a first time and a 
second set of data for a second time and clustering the first FIG . 4 illustrates a flowchart of an example method for 
set of data into a first number of clusters . The method can generating a cluster model in accordance with some embodi 
further comprise determining a cross - cluster movement and 15 ments of the present disclosure . 
an average normalized point movement based on the second FIG . 5 illustrates a flowchart of an example method for 
set of data and the clustered first set of data . The method can calculating temporal stability between two or more clusters 
further comprise determining the first number of clusters is in accordance with some embodiments of the present dis 
an appropriate number of clusters based on the cross - cluster closure . 
movement and the average normalized point movement 20 FIG . 6 illustrates a flowchart of an example method for 
between the first set of data and the second set of data . using a cluster model in accordance with some embodiments Additional aspects of the present disclosure are directed of the present disclosure . toward a system including a data manager comprising a While the present disclosure is amenable to various memory and a processor communicatively coupled to a user 
interface and at least one sensor . The data manager can be 25 been shown by way of example in the drawings and will be modifications and alternative forms , specifics thereof have 
configured to receive at least a first set of sensor data for a 
first time and a second set of sensor data for a second time described in detail . It should be understood , however , that 
from the at least one sensor and determine an appropriate the intention is not to limit the present disclosure to the 
number of clusters for the sensor data based on a cross particular embodiments described . On the contrary , the 
cluster movement and an average normalized point move intention is to cover all modifications , equivalents , and 
ment between the first set of sensor data and the second set 30 alternatives falling within the spirit and scope of the present 
of sensor data . Cross - cluster movement can be based on disclosure . 
changes in cluster classification for corresponding data 
points from the first set of sensor data and the second set of DETAILED DESCRIPTION 
sensor data . The data manager can be further configured to 
cluster a new set of sensor data received from the at least one 35 Aspects of the present disclosure are directed toward 
sensor according to the appropriate number of clusters . The clustering continuous data . More particular aspects of the 
data manager can be further configured to identify at least present disclosure are directed toward appropriately cluster 
one anomalous behavior in the new set of sensor data and ing data such that the clustered data exhibits temporal 
output an indication of the at least one anomalous behavior stability . Further aspects of the present disclosure are 
to the user interface . 40 directed toward identifying anomalies in appropriately clus 

Additional aspects of the present disclosure are directed tered data . 
toward a computer program product comprising a computer Aspects of the present disclosure can identify a beneficial 
readable storage medium having program instructions number of clusters by clustering data for at least two embodied therewith . The program instructions can be consecutive time frames according to a variety of cluster executable by a processor to cause the processor to perform 45 models and identifying an acceptable cluster model based on a method comprising receiving a first set of training log data one or more temporal stability measures . Aspects of the for a first time and a second set of training log data for a present disclosure advantageously overcome challenges second time and partitioning the first set of training log data associated with systems clustering data according to spatial into a plurality of clusters having a first number of clusters 
and a respective centroid corresponding to each cluster . metrics and / or systems clustering data based on data from a 
Respective data points that are in a given cluster can be 50 single time interval . 
closer to a respective centroid of the given cluster than any As will be appreciated by one skilled in the art , continu 
other centroid of any other cluster . The method can further ous data can be difficult to accurately cluster using available 
comprise determining a cross - cluster movement and an systems . An example challenge associated with continuous 
average normalized point movement based on the second set data is the inherent lack of partitions in the continuous data . 
of training log data and the clustered first set of training log 55 Thus , it can be difficult to determine an appropriate amount 
data . The method can further comprise determining the first of data to analyze at any given time . Another example 
number of clusters is an appropriate number of clusters challenge of continuous data is the difficulty in accurately 
based on the cross - cluster movement and the average nor- identifying clusters from any single snapshot of continuous 
malized point movement between the first set of training log data . Thus , it can be difficult to differentiate between numer 
data and the second set of training log data . The method can 60 ous static clusters in close proximity to one another from a further comprise clustering new log data according to the single snapshot of data . Another example challenge of 
appropriate number of clusters . continuous data is the difficulty in accurately identifying 

clusters exhibiting static behavior and clusters exhibiting 
BRIEF DESCRIPTION OF THE DRAWINGS dynamic behavior in continuous data . 

As is understood by one skilled in the art , continuous data 
The drawings included in the present application are can contain both static clusters of data and dynamic clusters 

incorporated into , and form part of , the specification . They of data . As an example of dynamic clusters , consider mul 

65 
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tiple flocks of birds with each flock corresponding to a to transition between different sizes of clothing . For 
cluster . Each flock moves as a group and can shift cluster example , a group of customers may typically wear a size 
boundaries over time . As an example of static clusters , " small ” in the summer and a size " medium " in the winter 
consider a plurality of beehives with each beehive having a corresponding to changing diet and workout habits . This 
swarm of bees in its vicinity . In this case , a respective bee 5 group of customers exhibits a dynamic cluster behavior 
may move within a common area between any two time because they transition between two clusters ( e.g. , small and frames while remaining within the vicinity of its respective medium ) as a group . Thus , a retail store could identify this beehive . group and market a custom shirt to them ( e.g. , a shirt with Continuous data exhibiting both static clusters and dimensions between “ small ” and “ medium ” , a flexible shirt , dynamic clusters can be difficult to characterize using avail- 10 etc. ) . able systems because spatial metrics associated with the As another example , a data science company could wish continuous data may not be reliable indicators for static to monitor database accesses and identify abnormal behavior cluster behavior or dynamic cluster behavior . Aspects of the 
present disclosure advantageously utilize temporal metrics relating to database accesses . The data science company 
to accurately cluster continuous data so that the continuous 15 could monitor a plurality of users having access to one or 
data will exhibit consistent cluster quality over time . Accu more databases in order to retrieve and / or update informa 
rate clustering of continuous data improves the accuracy of tion in the one or more databases . The plurality of users can 
analyses performed on the clustered data . Thus , embodi be clustered into a plurality of groups according to typical 
ments of the present disclosure improve the functioning of database behavior . Some of these groups may exhibit static 
systems analyzing continuous data by improving the accu- 20 cluster behavior while others exhibit dynamic cluster behav 
racy of the systems ( e.g. , reducing false positives ) . ior . For example , there may be three groups such that a first 

Aspects of the present disclosure exhibit numerous advan- group uses the databases often , a second group uses the 
tages . First , aspects of the present disclosure identify an databases rarely , and a third group either rarely uses the 
appropriate cluster model of continuous data based on databases or often uses the databases . For example , the first 
temporal stability of the clusters . Thus , aspects of the present 25 group could be database administrators , the second group 
disclosure are less susceptible to the disadvantages associ- could be a general set of users who occasionally retrieve 
ated with clustering data according to spatial metrics . For information from the database , and the third group could be example , a cluster model generated according to aspects of a project team that receives a particular project related to a 
the present disclosure exhibits consistent cluster quality over particular database , and so uses the database heavily for a numerous periods of time , whereas a cluster model gener- 30 period of time , but otherwise rarely uses the database . The ated according to available systems may generate a cluster data science company could identify these three groups by model optimized for a single period of data but which clustering the set of users according to at least one temporal exhibits poor cluster quality when applied to other periods of 
corresponding data . Second , aspects of the present disclo stability measure . In so doing , the data science company 
sure allow testing and analyzing of clustered data based on 35 could reduce false - positives ( e.g. , the data science company 
unsupervised learning of an appropriate clustering model . could reduce the probability of identifying a behavior as 
Thus , no prior knowledge or ground - truth samples are anomalous when it is not anomalous ) by identifying both 
required to generate the model , thereby avoiding the cost static groups and dynamic groups of users . For example , 
and time associated with using supervised training . Third , aspects of the present disclosure can determine that a user's 
aspects of the present disclosure can use two measures of 40 significant change in database behavior is not anomalous if 
temporal stability . Thus , aspects of the present disclosure the user's significant change in database behavior is consis 
exhibit improved accuracy ( e.g. , a reduction in false - posi- tent with a change in database behavior of the cluster to 
tives ) . The aforementioned advantages are example advan- which the user belongs . 
tages , and embodiments of the present disclosure exist that Although aspects of the present disclosure are described 
contain all , some , or none of the aforementioned advantages 45 above with respect to retail and data science , aspects of the 
while remaining within the spirit and scope of the present present disclosure are applicable to any number of applica 
disclosure . tions . For example , aspects of the present disclosure can be 
As an illustrative example of one application of clustering useful in logistical applications . In such an example , a 

continuous data , consider customers at a clothing store . Each plurality of warehouses could generate continuous data 
customer is associated with an ideal set of clothing dimen- 50 comprising shipments of a plurality of products . Aspects of 
sions to fit their unique body shape and size . A retail store the present disclosure could appropriately cluster such con 
can sell clothes in various sizes such as small , medium , and tinuous data and identify bottlenecks , abnormal order ship 
large . The dimensions of the clothing in each size can be ments , and / or other inefficiencies . 
determined such that a majority of customers using a Likewise , aspects of the present disclosure can be useful 
" small ” shirt size will be able to fit in that shirt size despite 55 in utility applications . For example , a plurality of compo 
small fluctuations in body size . In this example , the shirt nents in a power grid could generate continuous data mea 
sizes are similar to beehives , where each shirt size suring electrical loads on various portions of a power grid . 
adequately fits a boundary of body shapes and sizes , and Aspects of the present disclosure can be used to cluster the 
where most customers in a cluster ( e.g. , small ) may fluctuate continuous data in order to differentiate regular electrical 
within the bounds of those size dimensions ( e.g. , their 60 load fluctuations from abnormal load fluctuations . 
fluctuations in shape size do not cause them to change sizes ) . Likewise , aspects of the present disclosure can be useful 
Thus , a retail store could identify these clusters and modify in manufacturing applications . For example , continuous data 
the number of various dimensions of respective shirt sizes can be generated for conforming and non - conforming manu 
( e.g. , small , medium , and large ) to maximize fit to all the factured products . Aspects of the present disclosure can be 
people within each cluster . 65 used to cluster the product conformance and non - confor 

In contrast , another group of customers may experience mance measures and differentiate between a normal number 
larger fluctuations in body shape and size that causes them of non - conformances ( e.g. , resulting from a normal amount 
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of user error ) and an anomalous number of non - confor- In some embodiments , devices 102A - 102D represent user 
mances ( e.g. , indicating a malfunctioning manufacturing profiles rather than physical devices . For example , device A 
machine ) . 102A can represent a user A connecting to network 100 from 

Likewise , aspects of the present disclosure can be useful any one or more of a plurality of physical devices using 
in marketing applications . For example , continuous data can 5 authorizations associated with a profile associated with user 
be generated for customer profiles ( e.g. , clothing sizes , A. 
gender , age , location , etc. ) . The continuous data can be Database 104 comprises data 106 and log data 108. Log 
clustered according to aspects of the present disclosure and data 108 can comprise continuous data generated by devices 
monitored to provide appropriate advertisements related to 102A - 102D accessing data 106 in database 104. Data 106 
an appropriate selection of sufficiently stocked products 10 can be , for example , tables storing the values that make up 

database 104. Log data 108 can be , but is not limited to , most relevant to various customer groups over time ( e.g. , database access logs , transaction logs , event logs , message seasonally , throughout a day , etc. ) . logs , server logs , operations logs ( operlogs ) , or other data Likewise , aspects of the present disclosure can be useful retrieved from a custom logger or standard logger ( e.g. , 
in financial applications . For example , continuous data can 15 syslog ) . Although log data 108 is shown in database 104 , in 
be generated for individual stock trades , trading of sets of some embodiments , log data 108 is retrieved from any stocks ( e.g. , industry groups ) , and / or trades made throughout device associated with log data ( e.g. , retrieved directly from 
an entire stock market . Aspects of the present disclosure can devices 102A - 102D ) . 
appropriately cluster the continuous data in order to identify Data manager 110 stores cluster model 112 and user 
abnormal stock trading behavior . For example , aspects of the 20 interface 114. User interface 114 can comprise any one or 
present disclosure may differentiate between normal vola more of a monitor , a screen , a touch screen , a keyboard , a 
tility and a level of volatility indicating , for example , insider mouse , a microphone , a camera , and / or other input / output 
trading devices capable of receiving input from a user and present 

Likewise , aspects of the present disclosure can be useful ing output to a user . Data manager 110 retrieves log data 108 
in medical applications . For example , continuous data can 25 from database 104 and / or continuous data generated by 
be generated by monitoring any one or more of a patient's devices 102A - 102D . Cluster model 112 can be generated 
biological characteristics , such as , for example , pupil dila- using unsupervised learning and based on an appropriate 
tion , skin temperature , pulse rate , blood pressure , or other number of clusters that satisfy an acceptable measure of 
factors . Aspects of the present disclosure can cluster the data temporal stability . User interface 114 can present informa 
in order to differentiate between normal conditions and 30 tion regarding cluster model 112 ( e.g. , an appropriate num 
abnormal conditions . For example , aspects of the present ber of clusters or parameters associated with cluster model 
disclosure could be used to identify a truthful statement from 112 such as , but not limited to , thresholds , cost functions , 
an untruthful statement during a lie detector test . etc. ) . Data manager 110 is described in more detail herein 

Likewise , aspects of the present disclosure can be useful after with respect to FIGS . 3 and 6. Cluster model 112 is 
in complex system monitoring . For example , continuous 35 described in more detail hereinafter with respect to FIGS . 
data can be generated by a plurality of similar and / or 4-5 . 
dissimilar sensors in a complex system , such as , but not FIG . 2 illustrates a block diagram of another example 
limited to , an automobile , an aircraft , a marine craft , a space network in which some embodiments of the present disclo 
launch vehicle , or other complex systems containing a sure can be implemented . FIG . 2 comprises a network 200 
plurality of similar and / or dissimilar sensors . Aspects of the 40 communicatively coupling sensor A 202A , sensor B 202B , 
present disclosure can cluster the continuous sensor data to sensor C 202C , sensor D 202D ( hereinafter collectively 
identify normal and abnormal operating conditions . For referred to as sensors 202A - 202D ) , and data manager 210 
example , aspects of the present disclosure could identify a via a physical or wireless network . Sensors 202A - 202D can 
malfunctioning component of a complex system . be any number of sensors capable of generating continuous 

Referring now to the figures , FIG . 1 illustrates a block 45 data . For example , sensors 202A - 202D can collect data such 
diagram of an example network in which some embodi- as , but not limited to , photographic data , video data , audio 
ments of the present disclosure can be implemented . The data , temperature data , weight / mass data , density data , com 
network 100 communicatively couples device A 102A , position data , velocity data , acceleration data , location data , 
device B 102B , device C 102C , device D 102D ( hereinafter log data , other data , or any combination of the aforemen 
referred to as devices 102A - D ) , database 104 , and data 50 tioned data . Thus , sensors 202A - 202D can be , but are not 
manager 110 to one another via a physical or wireless limited to , cameras , video cameras , microphones , tempera 
connection . Although data manager 110 is shown as being ture sensors , gyroscopes , global positioning systems ( GPS ) , 
communicatively coupled to devices 102A - 102D and data- accelerometers , position sensors , chemical composition sen 
base 104 in FIG . 1 , in some embodiments , data manager 110 sors , pressure sensors , mass sensors , computer memories , 
can be stored in any one of devices 102A - 102D . In some 55 computer processors , or other sensors . 
embodiments , both data manager 110 and database 104 are Data manager 210 comprises cluster model 212 and user 
stored in any one of devices 102A - 102D . Furthermore , interface 214. Data manager 210 collects continuous data 
although data manager 110 is shown as being communica- from sensors 202A - 202D and generates an appropriate clus 
tively coupled to devices 102A - 102D and database 104 , data ter model 212 using unsupervised learning and such that the 
manager 110 can likewise be connected to only database 104 60 cluster model contains clusters exhibiting an acceptable 
or only one of devices 102A - 102D . level of temporal stability . Data manager 210 can output 

Devices 102A - 102D can be , but are not limited to , results from cluster model 212 to user interface 214. For 
computers , laptops , workstations , cell phones , tablets , other example , user interface 214 can exhibit an appropriate 
user devices , or a combination of the aforementioned user number of clusters based on the cluster model 212 and at 
devices . Although four user devices are shown , more or 65 least two sets of data from the sensors 202A - 202D . As 
fewer user devices can be present . In some embodiments , another example , user interface 214 can exhibit normal and 
there are hundreds or thousands of user devices . abnormal data fluctuations from the continuous data 
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received from sensors 202A - 202D and clustered according bility . Generation of cluster model 334 is described in 
to parameters of cluster model 212. Data manager 210 is further detail hereinafter with respect to FIGS . 4-5 . Appli 
described in more detail hereinafter with respect to FIGS . 3 cation of cluster model 334 is described in further detail 
and 6. Cluster model 212 is described in more detail hereinafter with respect to FIG . 6 . 
hereinafter with respect to FIGS . 4-5 . The instructions 360 store processor executable instruc 

Referring now to FIG . 3 , illustrated is a block diagram of tions for various methods such as the methods shown and 
a data manager 300 in accordance with some embodiments described hereinafter with respect to FIG . 4-6 . The instruc 
of the present disclosure . In some embodiments , the data tions can include cluster model instructions 362 and 
manager 300 is consistent with data manager 110 of FIG . 1 anomaly detection instructions 364. Cluster model instruc 
and / or data manager 210 of FIG . 2. In some embodiments , 10 tions 362 can include instructions for generating cluster 
data manager 300 performs operations in accordance with model 334. Cluster model instructions 362 are described in 
FIGS . 4-6 as described in further detail hereinafter . The data further detail hereinafter with respect to FIGS . 4-5 . Anomaly 
manager 300 can include a memory 325 , storage 330 , detection instructions 364 can include instructions for apply 
interconnect ( e.g. , BUS ) 320 , one or more processors 305 ing cluster model 334 in order to identify abnormal fluctua 
( also referred to as CPUs 305 herein ) , an I / O device inter- 15 tions in continuous data . Anomaly detection instructions 364 
face 310 , I / O devices 312 , and a network interface 315 . are described in further detail hereinafter with respect to 

Each CPU 305 retrieves and executes programming FIG . 6 . 
instructions stored in the memory 325 or storage 330. The In various embodiments , the I / O devices 312 can include 
interconnect 320 is used to move data , such as programming an interface capable of presenting information and receiving 
instructions , between the CPUs 305 , 1/0 device interface 20 input . For example , I / O devices 312 can receive input from 
310 , storage 330 , network interface 315 , and memory 325 . a user and present information to a user interacting with data 
The interconnect 320 can be implemented using one or more manager 300 . 
busses . The CPUs 305 can be a single CPU , multiple CPUs , In some embodiments , the network 350 is consistent with 
or a single CPU having multiple processing cores in various network 100 of FIG . 1 and / or network 200 of FIG . 2. The 
embodiments . In some embodiments , a processor 305 can be 25 network 350 can connect ( via a physical or wireless con 
a digital signal processor ( DSP ) . Memory 325 is generally nection ) the data manager 300 with devices , databases , 
included to be representative of a random access memory and / or sensors ( e.g. , devices 102A - 102D , database 104 , 
( e.g. , static random access memory ( SRAM ) , dynamic ran- and / or sensors 202A - 202D of FIG . 1 ) in order to retrieve 
dom access memory ( DRAM ) , or Flash ) . The storage 330 is continuous data . 
generally included to be representative of a non - volatile 30 FIG . 4 illustrates a flowchart of an example method for 
memory , such as a hard disk drive , solid state device ( SSD ) , generating a cluster model in accordance with some embodi 
removable memory cards , optical storage , or flash memory ments of the present disclosure . In some embodiments , the 
devices . In an alternative embodiment , the storage 330 can method 400 can be implemented by a data manager func 
be replaced by storage area - network ( SAN ) devices , the tioning in a network ( e.g. , data manager 110 or 210 of FIG . 
cloud , or other devices connected to the data manager 300 35 1 or 2 ) . In some embodiments , the method 400 can be 
via the I / O devices 310 or a communication network 350 via implemented by a processor executing instructions ( e.g. , 
the network interface 315 . processor 305 executing instructions 360 of FIG . 3 ) . 

In some embodiments , the memory 325 stores instruc- The method 400 generates an appropriate cluster model 
tions 360 and the storage 330 stores continuous data 332 and based on continuous data . Continuous data can be , but is not 
cluster model 334. However , in various embodiments , the 40 limited to , continuous data generated by one or more 
instructions 360 , the continuous data 332 , and the cluster devices , systems , and / or sensors . In some embodiments , 
model 334 are stored partially in memory 325 and partially continuous data comprises log data generated by computer 
in storage 330 , or they are stored entirely in memory 325 or systems , such as , but not limited to , database access logs , 
entirely in storage 330 , or they are accessed over a network transaction logs , event logs , message logs , server logs , 
350 via the network interface 315 . 45 operations logs ( operlogs ) , or other data retrieved from a 

Continuous data 332 can comprise continuous data custom logger or standard logger ( e.g. , syslog ) . Advanta 
retrieved from one or more devices , systems , and / or sensors . geously , the method 400 can generate a cluster model based 
In some embodiments , continuous data 332 comprises log on an appropriate temporal stability between clusters of at 
data generated by one or more computing devices . Continu- least two sets of data retrieved from two times , thereby 
ous data 332 can be retrieved from , for example , database 50 improving the accuracy of analyses performed on the clus 
access logs , transaction logs , event logs , message logs , tered data compared to data clustered according to spatial 
server logs , operations logs ( operlogs ) , or other data metrics and / or data clustered from a single time . In some 
retrieved from a custom logger or standard logger ( e.g. , embodiments , the two times are two approximately equal 
syslog ) . In some embodiments , continuous data 332 con- time intervals . In some embodiments , the two times are two 
tains both training data and real - time data . Training data can 55 consecutive time intervals . 
comprise at least two sets of corresponding continuous data Aspects of the present disclosure collect a set of data 
from two consecutive time intervals and can be used to points P collected from at least two time intervals in an 
generate cluster model 334 using unsupervised learning . In N - dimensional metric space for an object group O. At least 
some embodiments , the time intervals are equal time inter- two sets of data can be used , namely , data from object group 
vals . In some embodiments , the time intervals are consecu- 60 O at a first time t , and data from object group O at a second 
tive time intervals . Real - time data can be used to identify time tz . A feature vector representing a position of an object 
anomalous behavior once the real - time data is clustered i ( in object group O ) at a time j can be denoted as p.9 . In 
according to cluster model 334 . embodiments , where the continuous data comprises data 

Cluster model 334 is one or more models for clustering base log data , feature vectors can be defined according to 
continuous data 332 using unsupervised learning . Cluster 65 numerous ( e.g. , tens , hundreds , or thousands ) characteristics 
model 334 clusters continuous data 332 based on an appro- of a device or a user profile such as , for example , respective 
priate number of clusters and an appropriate temporal sta- probabilities the user would attempt to read respective data 
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from a respective table in a respective database , respective the appropriate number of clusters . In such embodiments , 
probabilities the user would attempt to write respective data the one or more respective measures can each be associated 
to a respective table in a respective database , a number of with a respective cost , and the appropriate number of 
failed database operations , and so on . clusters can be the number of clusters having the lowest total 

The method 400 begins at operation 402 by clustering the 5 cost . Respective costs can moderate the importance of the 
first set of data points from first time t? . Thus , operation 402 one or more measures and can be based on user input and / or 
can calculate cluster centroids c EC and associated Voronoi learned from historical data . Cross - cluster movement and regions Vk Voronoi regions Vk and cluster centroids Ck can mean movement distance are described in further detail 
be calculated according to equations known to those skilled hereinafter with respect to FIG . 5 . in the art . 
As discussed in operation 402 , aspects of the present Although Voronoi regions are discussed above , embodi 

disclosure utilize Voronoi regions . Voronoi regions are sub ments of the present disclosure exist that utilize clustering 
methods that are not centroid - based such as , but not limited spaces of a multidimensional space . Each sub - space con 

tains a centroid . The sub - spaces are defined such that every to , connectivity - based clustering , distribution - based cluster 
point in a respective sub - space is closer to the centroid of the 15 ing , and density - based clustering . In such embodiments , the 
respective sub - space than any other centroid of any other Voronoi region can be replaced by a multi - dimensional 
sub - space . Thus , for a given set of data , the data can be outline of the clustered points or a multi - dimensional sphere 
partitioned such that each Voronoi region is associated with that is defined by the furthest points in each dimension . In 
a subset of the given set of data . A Voronoi region can be such embodiments , the temporal stability measure ( de 
defined according to Equation 1 for any point x in multidi- 20 scribed hereinafter with respect to FIG . 5 ) can use a majority 
mensional space X : vote to determine the original cluster classification , and can 

subsequently use an appropriate normalization factor to 
V = { xEX ] d ( x , x ) < d ( x , x ) sd ( x , c ; ) for all j + k } Equation 1 : measure the distance of objects crossing from one cluster to 

another cluster . Operation 404 applies the classification from operation 
402 over the second set of data points from the second time 25 FIG . 5 illustrates a flowchart of an example method for 
tz . calculating temporal stability between two or more sets of 

Operation 406 calculates at least one measure of temporal data in accordance with some embodiments of the present 
stability between the first set of data and the second set of disclosure . In some embodiments , the method 500 can be 
data . In some embodiments , the temporal stability can implemented by a data manager functioning in a network 
include a measurement of cross - cluster movement between 30 ( e.g. , data manager 110 or 210 of FIG . 1 or 2 ) . In some 
Voronoi regions of the first set of data and the second set of embodiments , the method 500 can be implemented by a 
data based on the Voronoi regions calculated in operation processor executing instructions ( e.g. , processor 305 execut 
402. In some embod the temporal stability can fur ing instructions 360 of FIG . 3 ) . 
ther include a measurement based on individual point move The method 500 starts at operation 502 by calculating 
ment . Thus , the calculated temporal stability can indicate 35 point movement of the second set of data ( e.g. , retrieved 
clustering quality based on both static clusters and / or from the second time t? ) . Point movement can be defined as 
dynamic clusters . Operation 406 is described in more detail the distance d ( e.g. , minimum distance , maximum distance , 
hereinafter with respect to FIG . 5 . Euclidean distance , or any other distance function ) between 

Operation 408 determines if additional cluster models pi2 and Vk where Vk refers to the Voronoi region calculated 
should be generated . The method 400 can generate a plu- 40 based on the first set of data from the first time t , and where 
rality of cluster models in various embodiments . In embodi P ; was classified as part of cluster k . Thus , point movement , 
ments where the method 400 generates multiple cluster ñ can be calculated according to Equation 2 : 
models , the method 400 returns to operation 402 and gen 
erates a new cluster model by clustering the first set of data 
using a different number of clusters . The method 400 can 45 ñ ; = min { d ( p ?, v ) } Equation 2 

generate a pre - selected number of cluster models ( e.g. , 10 ) , 
or the method 400 can generate cluster models until a cluster 
model satisfies one or more temporal stability thresholds Operation 504 can calculate a normalized point move 
( e.g. , until a cluster model satisfies a pre - defined temporal ment in order to account for variance in Voronoi region areas 
stability ) , or the method 400 can generate cluster models 50 according to Equation 3 : 
according to another measurement ( e.g. , until the cluster 
models converge on an optimal solution ) . In the event 
operation 408 determines no additional cluster models are to Equation 3 
be generated , the method 400 proceeds to operation 410 . 

Operation 410 selects an appropriate number of clusters 55 
based on the one or more cluster models generated in 
operations 402-406 by identifying a cluster model with an 
appropriate number of clusters and an appropriate temporal Operation 506 can calculate the mean movement distance 
stability . In some embodiments , operation 410 selects the for all objects in a set of objects O where 101 = S as shown in 
cluster model having the maximum number of clusters such 60 Equation 4 : 
that the cluster model has an appropriate temporal stability . 
In some embodiments , an appropriate temporal stability Equation 4 comprises a cross - cluster movement ( X ) below a first thresh 
old and / or a mean movement distance ( Q ) below a second 
threshold . In some embodiments , the appropriate number of 65 
clusters are determined based on a cost function that com- In Equation 4 , Q can be referred to as the mean movement 
bines one or more measures ( e.g. , X and / or Q ) to determine distance , the average normalized point movement , or the 
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temporal clustering quality index . In some embodiments , Q Calinski - Harabasz , and / or the Silhouette method . In some 
can quantify how much respective data points shifted from embodiments , Equations 6 and / or 7 are configured to select 
the original boundaries of the cluster . the model utilizing the largest number of clusters and 

Operation 508 computes cross - cluster movement . Cross- satisfying the respective equation . 
cluster movement can be based on data points that move Alternative variations exist to the methods described 
from one Voronoi region ( based on the first set of data ) to a above . As one example of a generic centroid - based cluster different Voronoi region ( based on the second set of data ) . ing strategy , the methods 400 and 500 can identify the best For example , if classification of respective points in O at K for K - means clustering by running K - means for a plurality time t , is denoted as CO , = { co , ' , coz ' , con } and of K choices and selecting an appropriate K based on an classification of respective points in O at time t , is denoted 10 
as CO2 = { co , ? , coz ? , ... Com ? } , then cross - cluster movement internal measure ( e.g. , David - Bouldin ) and limiting the K 

choices using the two constraints . Alternatively , an appro can be denoted as X and defined by Equation 5 : priate K can be identified by running K - means for multiple 
XÃIU co'co ? Equation 5 : K values and using a Pareto front of multiple scores ( includ 

In Equation 5 , the circled plus operator can act as an 15 ing cross - cluster movement X ) to identify an appropriate K. 
exclusive OR function . In some embodiments , Equation 5 FIG . 6 illustrates a flowchart of an example method for 
identifies objects which appear only at co ; or co ; . In such using a cluster model in accordance with some embodiments 
embodiments , a union of the resulting sets can then be of the present disclosure . The method 600 can be imple 
defined , and its size can be associated with the measure X. mented by a data manager functioning in a network ( e.g. , 
As will be appreciated by one skilled in the art , other 20 data manager 110 or 210 of FIG . 1 or 2 ) . The method 600 
measures can also be used as part of defining a temporal can likewise be implemented by a processor executing 
stability measure ( e.g. , taking the number of non - empty instructions ( e.g. , processor 305 executing instructions 360 
resulting sets ) . In some embodiments , a higher X - measure- of FIG . 3 ) . 
ment indicates a higher degree of cross - cluster movement . The method 600 begins at operation 602 by collecting 

It is particularly noted that aspects of the present disclo- 25 continuous data . The continuous data can be , but is not 
sure thus account for both static clusters and dynamic limited to , continuous data generated by one or more 
clusters ( e.g. , using , alone or in combination , Q and / or X ) . devices , systems , and / or sensors . In some embodiments , 
Thus , aspects of the present disclosure more accurately continuous data comprises log data generated by computer 
quantify temporal stability between two sets of clustered systems , such as , but not limited to , database access logs , 
data . 30 transaction logs , event logs , message logs , server logs , 

Operation 510 evaluates the cluster model based on one or operations logs ( operlogs ) , or other data retrieved from a 
more measurements calculated in operations 502-510 . In custom logger or standard logger ( e.g. , syslog ) log data . 
some embodiments , operation 510 compares the poral Operation 604 clusters the collected data according to a 
clustering quality index Q ( as described in Equation 4 ) cluster model ( e.g. , the cluster model selected in operation 
and / or the cross - cluster movement X ( as described in Equa- 35 410 of FIG . 4 ) by clustering the data collected in operation 
tion 5 ) to one or more thresholds . In embodiments utilizing 602 into an appropriate number of clusters . 
both measurements , the appropriate number of clusters can Operation 606 identifies anomalous behavior in the clus 
correspond to the model having the appropriate number of tered data . Anomalous behavior can be identified based on 
clusters and appropriate Q and X measurements as shown in any number of techniques . In some embodiments , anoma 
Equation 6 : 40 lous behavior can be based on differences between the 

clustered data and the cluster model and / or based on differ 
ences between the clustered data and a previously clustered 

argmax ClusterModel ( P ) such that Q < T1 and X < T2 . Equation 6 set of data . For example , the data collected in operation 602 
and clustered in operation 604 can exhibit temporal vari 

45 ability indicating anomalous behavior . In some embodi 
Thus , Equation 6 can select the cluster model having the ments , the temporal variability is measured using Q and / or 

appropriate number of clusters such that the cluster model X as discussed before , where the data collected in operation 
satisfies parametric thresholds T , and T2 . Parametric thresh- 602 represents a second set of data , and data collected in a 
olds T , and T2 can be used to moderate a susceptibility to previous interval ( e.g. , the sequentially previous interval of 
outliers and inclusiveness of normal fluctuations within the 50 equal length as the interval from which the data collected in 
data . For example , lower thresholds T? and / or T2 could operation 602 was retrieved ) represents a first set of data . In 
incorrectly identify a normal fluctuation in data as a tem- some embodiments , anomalous behavior is identified when 
poral instability , whereas a higher threshold T , and / or T2 Q is above the first threshold T and / or when X is above the 
could incorrectly characterize a temporal instability event as second threshold T2 . 
a normal fluctuation in data . Parametric thresholds T , and / or 55 In some embodiments , operation 606 identifies anoma 
T2 can be defined based on any number of factors or lous behavior using techniques independent from the tech 
combinations of factors , including historical data and user niques used to cluster the data according to the cluster 
input . model . Thus , operation 606 can identify anomalous behavior 

In some embodiments , operation 510 optimizes a cluster according to a measurement unrelated to Q and / or X. 
model according to one or more measurements ( e.g. , Q60 Operation 608 can present the anomalous behavior iden 
and / or X ) as shown in Equation 7 : tified in operation 606 to a user interface ( e.g. , user interface 

114 or 214 of FIGS . 1 and 2 , or I / O devices 312 of FIG . 3 ) . argmax F ( ClusterModel , Q , X ) Equation 7 : The anomalous behavior can be presented in any number of 
As shown in Equation 7 , F can denote a cost function that ways including , but not limited to , a graph , a bar chart , a 

incorporates the cluster model and Q and X. The term 65 warning , or a different infographic . The indication of 
ClusterModel can refer to a state of the art single time point anomalous behavior can be a general indication ( e.g. , a 
cluster evaluation such as , but not limited to , Davis - Bouldin , warning that the clustered data is acting abnormally ) or a 
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precise indication ( e.g. , a warning that one or more particu- gramming language or similar programming languages . The 
lar data points within the clustered data are acting abnor- computer readable program instructions may execute 
mally ) . entirely on the user's computer , partly on the user's com 

Operation 610 can mitigate the anomalous behavior . For puter , as a stand - alone software package , partly on the user's 
example , the anomalous behavior could be consistent with 5 computer and partly on a remote computer or entirely on the 
unauthorized access to confidential data in a database . remote computer or server . In the latter scenario , the remote 
Operation 610 could , responsive to identifying the anoma- computer may be connected to the user's computer through 
lous behavior in operation 606 , automatically restrict access any type of network , including a local area network ( LAN ) 
to the database . In some embodiments , operation 610 is or a wide area network ( WAN ) , or the connection may be 
optional , and occurs ( if it occurs at all ) responsive to user 10 made to an external computer ( for example , through the 
input to a user interface that authorizes such mitigation . Internet using an Internet Service Provider ) . In some 

The present invention may be a system , a method , and / or embodiments , electronic circuitry including , for example , 
a computer program product at any possible technical detail programmable logic circuitry , field - programmable gate 
level of integration . The computer program product may arrays ( FPGA ) , or programmable logic arrays ( PLA ) may 
include a computer readable storage medium ( or media ) 15 execute the computer readable program instructions by 
having computer readable program instructions thereon for utilizing state information of the computer readable program 
causing a processor to carry out aspects of the present instructions to personalize the electronic circuitry , in order to 
invention . perform aspects of the present invention . 

The computer readable storage medium can be a tangible Aspects of the present invention are described herein with 
device that can retain and store instructions for use by an 20 reference to flowchart illustrations and / or block diagrams of 
instruction execution device . The computer readable storage methods , apparatus ( systems ) , and computer program prod 
medium may be , for example , but is not limited to , an ucts according to embodiments of the invention . It will be 
electronic storage device , a magnetic storage device , an understood that each block of the flowchart illustrations 
optical storage device , an electromagnetic storage device , a and / or block diagrams , and combinations of blocks in the 
semiconductor storage device , or any suitable combination 25 flowchart illustrations and / or block diagrams , can be imple 
of the foregoing . A non - exhaustive list of more specific mented by computer readable program instructions . 
examples of the computer readable storage medium includes These computer readable program instructions may be 
the following : a portable computer diskette , a hard disk , a provided to a processor of a general purpose computer , 
random access memory ( RAM ) , a read - only memory special purpose computer , or other programmable data pro 
( ROM ) , an erasable programmable read - only memory 30 cessing apparatus to produce a machine , such that the 
( EPROM or Flash memory ) , a static random access memory instructions , which execute via the processor of the com 
( SRAM ) , a portable compact disc read - only memory ( CD- puter or other programmable data processing apparatus , 
ROM ) , a digital versatile disk ( DVD ) , a memory stick , a create means for implementing the functions / acts specified 
floppy disk , a mechanically encoded device such as punch- in the flowchart and / or block diagram block or blocks . These 
cards or raised structures in a groove having instructions 35 computer readable program instructions may also be stored 
recorded thereon , and any suitable combination of the fore- in a computer readable storage medium that can direct a 
going . A computer readable storage medium , as used herein , computer , a programmable data processing apparatus , and / 
is not to be construed as being transitory signals per se , such or other devices to function in a particular manner , such that 
as radio waves or other freely propagating electromagnetic the computer readable storage medium having instructions 
waves , electromagnetic waves propagating through a wave- 40 stored therein comprises an article of manufacture including 
guide or other transmission media ( e.g. , light pulses passing instructions which implement aspects of the function / act 
through a fiber - optic cable ) , or electrical signals transmitted specified in the flowchart and / or block diagram block or 
through a wire . blocks . 

Computer readable program instructions described herein The computer readable program instructions may also be 
can be downloaded to respective computing / processing 45 loaded onto a computer , other programmable data process 
devices from a computer readable storage medium or to an ing apparatus , or other device to cause a series of operational 
external computer or external storage device via a network , steps to be performed on the computer , other programmable 
for example , the Internet , a local area network , a wide area apparatus or other device to produce a computer imple 
network and / or a wireless network . The network may com- mented process , such that the instructions which execute on 
prise copper transmission cables , optical transmission fibers , 50 the computer , other programmable apparatus , or other 
wireless transmission , routers , firewalls , switches , gateway device implement the functions / acts specified in the flow 
computers and / or edge servers . A network adapter card or chart and / or block diagram block or blocks . 
network interface in each computing / processing device The flowchart and block diagrams in the Figures illustrate 
receives computer readable program instructions from the the architecture , functionality , and operation of possible 
network and forwards the computer readable program 55 implementations of systems , methods , and computer pro 
instructions for storage in a computer readable storage gram products according to various embodiments of the 
medium within the respective computing / processing device . present invention . In this regard , each block in the flowchart 

Computer readable program instructions for carrying out or block diagrams may represent a module , segment , or 
operations of the present invention may be assembler portion of instructions , which comprises one or more 
instructions , instruction - set - architecture ( ISA ) instructions , 60 executable instructions for implementing the specified logi 
machine instructions , machine dependent instructions , cal function ( s ) . In some alternative implementations , the 
microcode , firmware instructions , state - setting data , con- functions noted in the blocks may occur out of the order 
figuration data for integrated circuitry , or either source code noted in the Figures . For example , two blocks shown in 
or object code written in any combination of one or more succession may , in fact , be executed substantially concur 
programming languages , including an object oriented pro- 65 rently , or the blocks may sometimes be executed in the 
gramming language such as Smalltalk , C ++ , or the like , and reverse order , depending upon the functionality involved . It 
procedural programming languages , such as the “ C ” pro- will also be noted that each block of the block diagrams 
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and / or flowchart illustration , and combinations of blocks in calculating cross - cluster movement by identifying at least 
the block diagrams and / or flowchart illustration , can be data points of a second subset of the second set of data 
implemented by special purpose hardware - based systems corresponding to data points in the first subset that are 
that perform the specified functions or acts or carry out not associated with the first Voronoi region . 
combinations of special purpose hardware and computer 5 5. The method according to claim 3 , wherein the average 
instructions . normalized point movement is based on an average normal 

Embodiments of the present invention may also be deliv ized distance between at least a second subset of the second ered as part of a service engagement with a client corpora set of data and the first centroid , wherein the second subset tion , nonprofit organization , government entity , internal comprises data points corresponding to the first subset . organizational structure , or the like . These embodiments 10 6. The method according to claim 5 , wherein determining may include configuring a computer system to perform , and 
deploying software , hardware , and web services that imple the first number of clusters is an appropriate number of 

clusters further comprises : ment , some or all of the methods described herein . These 
embodiments also include analyzing the client's opera calculating a respective minimum distance for each may 
tions , creating recommendations responsive to the analysis , 15 respective point of at least the second subset to the first 
building systems that implement portions of the recommen centroid ; 
dations , integrating the systems into existing processes and calculating a normalized respective minimum distance for 
infrastructure , metering use of the systems , allocating at least each point of the second subset by dividing each 
expenses to users of the systems , and billing , invoicing , or respective minimum distance by an average distance 
otherwise receiving payment for use of the systems . between respective points of the second subset and the 

first centroid ; and 
What is claimed is : calculating an average normalized point movement for the 
1. A method comprising : second set of data by summing the normalized respec 
receiving a first set of data from a first log of a first tive minimum distances for data points in the second 

database for a first time and a second set of data from 25 set of data and dividing by a number of data points in 
a second log of the first database for a second time , the second set of data . 
wherein the first time and the second time are consecu- 7. A system comprising : 
tive intervals of equal time ; a data manager comprising a memory and a processor 

clustering the first set of data into a first number of communicatively coupled to a user interface and a first 
clusters ; database , wherein the data manager performs opera 

determining a cross - cluster movement and an average tions comprising : 
normalized point movement based on the second set of receive a first set of data from a first log of the first 
data and the clustered first set of database for a first time and a second set of data from 

determining the first number of clusters is an appropriate a second log of the first database for a second time , 
number of clusters based on the cross - cluster move- 35 wherein the first time and the second time are 
ment being less than a first threshold and the average consecutive intervals of equal time ; 
normalized point movement being less than a second cluster the first set of data into a first number of 
threshold ; clusters ; 

clustering a new set of data according to the first number determine a cross - cluster movement and an average 
of clusters , wherein the new set of data comprises a 40 normalized point movement based on the second set 
third log of the first database for a third time ; of data and the clustered first set of data ; 

identifying an anomalous behavior in the new set of data determine the first number of clusters is an appropriate 
based on a second cross - cluster movement being above number of clusters based on the cross - cluster move 
the first threshold and a second average normalized ment being less than a first threshold and the average 
point movement being above the second threshold ; and 45 normalized point movement being less than a second 

restricting access to the first database in response to threshold , wherein cross - cluster movement is based 
identifying the anomalous behavior . on changes in cluster classification for corresponding 

2. The method according to claim 1 , wherein the first set data points from the first set of data and the second 
of data is clustered based on Voronoi regions , and wherein set of data ; 
cross - cluster movement is based on differences in Voronoi 50 cluster a new set of data according to the appropriate 
regions for corresponding data points from the first set of number of clusters , wherein the new set of data 
data and the second set of data . comprises a third log of the first database for a third 

3. The method according to claim 1 , wherein determining time ; 
the first number of clusters is an appropriate number of identify an anomalous behavior in the new set of data 
clusters further comprises : based on a second cross - cluster movement being 

clustering the first set of data according to a first number above the first threshold and a second average nor 
of clusters by generating a first set of Voronoi regions , malized point movement being above the second 
wherein at least a first Voronoi region is associated with threshold ; and 
a first centroid and a first subset of the first set of data , restrict access to the first database in response to 
wherein respective data points of the first subset are 60 identifying the anomalous behavior . 
closer to the first centroid than any other centroid of any 8. The system according to claim 7 , wherein to determine 
other Voronoi region of the first set of Voronoi regions . an appropriate number of clusters the data manager performs 

4. The method according to claim 3 , wherein determining operations of : 
the first number of clusters is an appropriate number of cluster the first set of data according to a first number of 
clusters further comprises : clusters by generating a first set of Voronoi regions , 

applying classifications of the clustered first set of data to wherein at least a first Voronoi region is associated with 
the second set of data ; and a first centroid and a first subset of the first set of data , 
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and wherein each data point of the first subset is closer identifying an anomalous behavior in the new set of log 
to the first centroid than any other centroid of the first data based on a second cross - cluster movement being 
set of Voronoi regions . above the first threshold and a second average normal 

9. The system according to claim 8 , wherein to determine ized point movement being above the second threshold ; 
an appropriate number of clusters the data manager performs 5 and 
operations of : restricting access to the first database in response to apply classifications of the clustered first set of data to the identifying the anomalous behavior . 

second set of data ; and 13. The computer program product according to claim 12 , calculate cross - cluster movement by identifying at least wherein the program instructions causing the processor to data points of a second subset of the second set of data 10 partition the first set of training log data and the second set corresponding to data points in the first subset that are 
not associated with the first Voronoi region . of training log data further cause the processor to perform a 

method further comprising : 10. The system according to claim 8 , wherein the average 
normalized point movement is based on an average normal clustering the first set of training log data according to the 
ized distance between at least a second subset of the second 15 first number of clusters by generating a first set of 
set of data to the first centroid , wherein the second subset Voronoi regions , wherein at least a first Voronoi region 
comprises data points corresponding to data points of the is associated with a first centroid and a first subset of 
first subset . the first set of training log data . 

11. The system according to claim 10 , wherein to deter- 14. The computer program product according to claim 13 , 
mine an appropriate number of clusters the data manager 20 wherein the program instructions causing the processor to 
performs operations of : determine the first number of clusters is an appropriate 

calculate a respective minimum distance for each respec- number of clusters further cause the processor to perform a 
tive point of at least the second subset to the first method further comprising : 
centroid ; applying classifications of the clustered first set of training 

calculate a normalized respective minimum distance for at 25 log data to the second set of training log data ; and 
least each point of the second subset by dividing each calculating cross - cluster movement by identifying at least 
respective minimum distance by an average distance data points of a second subset of the second set of between respective points of the second subset and the training log data corresponding to data points in the 
first centroid ; and first subset that are not associated with the first Voronoi calculate an average normalized point movement for the 30 region . second set of data by summing the normalized respec 15. The computer program product according to claim 13 , tive minimum distances of the second set of data and wherein the average normalized point movement is based on dividing by a number of data points in the second set of distances between at least a second subset of the second set data . 

12. A computer program product comprising a computer 35 of training log data and the first centroid , wherein the second 
readable storage medium having program instructions subset comprises data points corresponding to data points of 

the first subset . embodied therewith , wherein the computer readable storage 
medium is not a transitory signal per se , the program 16. The computer program product according to claim 15 , 
instructions executable by a processor to cause the wherein the program instructions causing the processor to processor determine the first number of clusters is an appropriate to perform a method comprising : number of clusters further cause the processor to perform a receiving a first set of training log data from a first 

database for a first time and a second set of training log method further comprising : 
data from the first database for a second time , wherein calculating a respective minimum distance for each 
the first time and the second time are consecutive respective point of at least the second subset to the first 
intervals of equal time ; centroid ; 

calculating a normalized respective minimum distance for partitioning the first set of training log data into a plurality 
of clusters having a first number of clusters and a at least each point of the second subset by dividing each 
respective centroid corresponding to each cluster , respective minimum distance by an average distance 
wherein respective data points in a given cluster are between respective points of the second subset and the 
closer to a respective centroid of the given cluster than 50 first centroid ; and 
any other centroid of any other cluster ; calculating an average normalized point movement for the 

determining a cross - cluster movement and an average second set of training log data by summing the nor 
normalized point movement based on the second set of malized respective minimum distances and dividing by 
training log data and the clustered first set of training a number of data points in the second set of training log 

data . log data ; 
determining the first number of clusters is an appropriate 17. The computer program product according to claim 12 , 
number of clusters based on the cross - cluster move wherein the program instructions further cause the processor 
ment being below a first threshold and the average to perform a method further comprising : 
normalized point movement being below a second presenting , on a user interface , an indication of the 
threshold ; anomalous behavior in the new set of log data , wherein 

the anomalous behavior indicates unauthorized access clustering a new set of log data according to the appro to the first database . priate number of clusters , wherein the new set of log 
data is from the first database for a third time ; 
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